Abstract Application of the concept of combining the estimated forecast output of different rainfall-runoff models to yield an overall combined estimated output in the context of real-time river flow forecasting is explored. A Real-Time Model Output Combination Method (RTMOCM) is developed, based on the structure of the Linear Transfer Function Model (LTFM) and utilizing the concept of the Weighted Average Method (WAM) for model output combination. A multiple-input single-output form of the LTFM is utilized in the RTMOCM. This form of the LTFM model uses synchronously the daily simulation-mode model-estimated discharge time series of the rainfall-runoff models selected for combination, its inherent updating structure being used for providing updated combined discharge forecasts. The RTMOCM is applied to the daily data of five catchments, using the simulation-mode estimated discharges of three selected rainfall-runoff models, comprising one conceptual model (Soil Moisture Accounting and Routing Procedure-SMAR) and two black-box models (Linear Perturbation Model-LPM and Linearly-Varying Variable Gain Factor Model-LVGFM). In order to get an indication of the accuracy of the updated combined discharge forecasts relative to the updated discharge forecasts of the individual models, the LTFM is also used for updating the simulation-mode discharge time series of each of the three individual models. The results reveal that the updated combined discharge forecasts provided by the RTMOCM, with parameters obtained by linear regression, can improve on the updated discharge forecasts of the individual rainfall-runoff models.
INTRODUCTION
In recent work, Shamseldin (1996) and Shamseldin et al. (1997) used the concept of model-output combination in the context of rainfall-runoff models, without * Now at: Department of Civil Engineering, University College Dublin, Earlsfort Terrace, Dublin 2, Ireland.
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consideration of procedures for updating the model output forecasts in real time. This concept utilizes the synchronous outputs of a number of structurally different rainfall-runoff models to provide an overall combined estimated output that can be more accurate than that of the best of the individual models used in obtaining that combined output. Hence, such a combined output can sensibly be used as an alternative to that of the best single individual model.
A combined estimate of discharge, Qc t , of a number N of rainfall-runoff models, for the z'th time period, is the one which is explicitly expressed as a function F(-) of the estimated discharges of the -/V models for that time period, i.e.:
QCi=^uA.n---Ai'-"' QN-uA.i) 
where Q Ji is the estimated discharge of the7th model for the z' th time period.
The crux of the model-output combination concept is that each of the available model outputs may be viewed as representing a source of information which may be distinct from those of the other models. The combination of these various sources of output information may facilitate the optimal use of all of the input information to these models.
The concept of the model-output combination is certainly not new and it is quite commonly used in other branches of science, such as statistics, management, psychology, economics and meteorology (Bates & Granger, 1969; Thompson, 1977; Dickinson, 1973 Dickinson, , 1975 Newbold & Granger, 1974; Winkler, 1989; Armstrong, 1989; Clemen, 1989; Clemen et al., 1995; Batchelor & Dua, 1995) . However, it is not yet used in the context of hydrological forecasting. The work of Shamseldin (1996) and Shamseldin et al. (1997) on the model-output combination concept, may be seen as a first step in its application in the context of river-flow forecasting. Their work on the application of the combination concept in the hydrological context was largely motivated by the fact that, while a glut of rainfall-runoff models covering a broad range of levels of complexity have been developed over the previous decades, no single (best) individual model construct has yet been identified that would consistently work better than the others under all situations and for all types of catchments. This fact is explicitly or implicitly illustrated in several comparative hydrological studies of different model performances (e.g. Naef, 1981; Loague & Freeze, 1985; Wilcox et al., 1990; Franchini & Pacciani, 1991; WMO, 1975 WMO, , 1988 WMO, , 1992 Grayson et al, 1992; Michaud & Sorooshian, 1994; Woolhiser, 1996) .
This dilemma of what constitutes the best model may be addressed by developing more sophisticated semi-distributed conceptual models, such as TOPMODEL (Beven & Kirkby 1979; Beven, 1997) , utilizing geographical information systems to express the topographical information and taking account of the areal distribution of rainfall. More challenging still are the newer generation of physically-based distributed models, such as the Système Hydrologique Européen "SHE" model (Abbott et al., 1986a,b) . However, particularly when the modelling objective is restricted to the forecasting of the discharge at the outlet gauging station of the catchment, the traditional lumped and semi-lumped conceptual and black-box models are much simpler and less data-demanding alternatives and also much cheaper to operate (Ye et al., 1997) . With the increasing power of desktop personal computers, coupled with the plummeting costs of such hardware, it is becoming the norm, at flow forecasting centres, to have a number of such simpler models (black-box and conceptual) operating simultaneously, even when more sophisticated models are readily available, either for back-up or crude forecast comparison and confirmation purposes, or simply because the choice of models used for a particular project is often dictated by the nature of the available data and by crude budgetary considerations. In this scenario, the combination of such model output forecasts, as suggested in the present study, can be an attractive and practical proposition. Shamseldin (1996) and Shamseldin et al. (1997) tested the model-output combination concept in the context of rainfall-runoff modelling using three model-output combination methods, namely, the Simple Average Method (SAM), the Weighted Average Method (WAM), and the Neural Network Method (NNM), and concluded that the estimated combined outputs can be more accurate than the individual outputs of the best of these selected models. However, in their work, the combination concept was applied only in the case where the models operate in the simulation (non-updating) mode. In this heuristic study, attention is restricted to the straightforward WAM for model output combination, based on calibration by regression analysis, rather than the more sophisticated and more general NNM.
The theme of the present paper is, therefore, the further extension of the use of the model-output combination concept to the case of hydrological real-time forecasting, where updating procedures are used to provide feedback information in the form of the most recently observed outflow data in order to enhance the corresponding simulation model forecasts.
A real-time model-output combination method, henceforth, referred to as RTMOCM, is developed, which can utilize the simulation-mode discharge time series of a number of rainfall-runoff models, in addition to the most recently observed discharges, in order to provide updated combined discharge forecasts.
The RTMOCM is based on the general structure of a parametric input-output model known as the Linear Transfer Function Model (LTFM) which has an in-built updating procedure (Box & Jenkins, 1976) . The RTMOCM utilizes the multipleexogenous input single-output form of the LTFM. In this form, the model simultaneously uses as its inputs the output discharge time series of a number of different rainfall-runoff models, estimated in simulation mode, the in-built updating structure of the LTFM being used to provide the updated combined discharge forecasts of the RTMOCM. Thus, the emphasis is on the use of the LTFM as a real-time modeloutput combination method rather than its traditional role in real-time forecasting, in which it may use one or more of the traditional physical sources of input information to such models, such as the rainfall and the upstream flow hydrograph.
The RTMOCM is tested for five test catchments, utilizing the simulation-mode discharge time series of three selected rainfall-runoff models: the seasonally-based Linear Perturbation Model (LPM) (Nash & Barsi, 1983) , the Linearly-Varying Variable Gain Factor Model (LVGFM) (Ahsan & O'Connor, 1994) , and the Soil Moisture Accounting and Routing Procedure (SMAR) (O'Connell et al,, 1970; Kachroo, 1992) . The first two are black-box models, while the third is a simple conceptual model. A brief description of the three models is given in a later section.
The application of these models, as well as that of the RTMOCM, in real-time forecasting mode, similar to other hydrological forecasting models, requires the knowledge (or at least the best possible estimates available) of the input values over the lead time of the forecast. In the present work, similar to other heuristic hydrological research studies (e.g. WMO, 1992; Kachroo & Liang, 1992) , where the model is tested on the historical data but imitates the real-time operational mode, the perfect input foresight over the lead time is used as the input scenario. This at least eliminates those errors and uncertainties introduced by the imperfect knowledge of the input variables over the forecast lead time.
The RTMOCM is used for providing updated combined discharge forecasts utilizing synchronously the estimated discharge time series of the selected rainfallrunoff models. However, in order to compare the accuracy of the updated combined discharge forecasts relative to those of the individual models, the single-input form of the LTFM (a special limiting case of the RTMOCM corresponding to the selection of only one model) is used for updating the simulation-mode discharge time series of each of the three selected models. Furthermore, results of similar (single-input form of LTFM) updating of the simulation-mode combined forecasts of the weighted average combination method (WAM) are also presented. As complementary information, the results of the simulation-mode operation of these individual models, as well as those of the output combination method, are also given to assist the reader in assessing whether or not updating with the RTMOCM is a worthwhile technique.
THE REAL-TIME MODEL OUTPUT COMBINATION METHOD
As no river flow forecasting model can perfectly simulate the real system, the simulated discharge hydrographs generally (and often substantially) differ in various respects from the observed ones, hi the case of real-time forecasting, where the hydrological simulation model operates on-line on the basis of the most recently available data (including the observed streamflow), the errors between the simulated and the observed discharge hydrographs are compensated for through the use of implicit or explicit error updating procedures. These updating procedures differ in detail but generally involve modification of either one, or a combination of, the inputs, the outputs, the model parameters and the state variables of the model (Moore, 1986; Becker & Serban, 1990; Serban & Askew, 1991; WMO, 1992 WMO, , 1994 . However, in essence, these procedures provide the hydrological simulation-model with feedback information usually, but by no means exclusively, in the form of the most recently observed data. This feedback information is then utilized to reduce or compensate for the model output errors, from whatever source, thereby enhancing the outflow forecasts.
One of the most favoured updating procedures, which is extensively used in applied hydrology in conjunction with many rainfall-runoff models, relies on the prediction of forecast errors using the Autoregressive (AR) models (Serban & Askew, 1991) . This procedure is based on the modification or partial correction of the un-updated output variables of the model using their error estimates.
The use of AR model updating procedures requires the determination of the time series of model forecast errors. Once the error series is determined, an AR model is separately calibrated on this series and subsequently it is used for forecasting the output errors over the desired lead-time. In principle, the success of this procedure naturally depends on the degree of error persistence (Serban & Askew, 1991) . In the case of an error time series having a mean of zero, the AR model of order p may be defined as (Box & Jenkins, 1976, pp. 46-84; Kachroo, 1992) : k=\ where e, is the error at the z' th time period and O* is the AR model parameter set and (ideally at least) a, is a pure white noise sequence having mean zero and constant variance af.
In equation (2), substituting e t = Q t -Q t , where Q is the simulation-mode modelestimated discharge for the rth time period, Q t being the corresponding observed discharge, this equation can be rewritten as:
k=\ 4=0 where Oo = 1. Equation (3) may be perceived as a special limiting case of a more general parametric input-output model known as an Autoregressive Exogenous-input (ARX) model or, more commonly, as the Linear Transfer Function Model (LTFM) which has been used in the context of river flow forecasting (O'Connell & Clarke, 1981; Galeati, 1990) . However, the present formulation, as indicated by equation (3), differs from the other applications of the LTFM since in this formulation the inputs to the LTFM are not directly the traditional physical input sources, such as rainfall and/or the upstream flow hydrograph, but rather the simulation-mode outputs (un-updated) of the substantive rainfall-runoff model. For this particular case, the more general form of the LTFM may be defined as (Box & Jenkins, 1976, pp. 245) :
a=É^a-i +Ê^â-i +«/ (4)
where p and q are the orders of the autoregressive and the weighted input parts of the LTFM, respectively; while v| /,-and Ç, -are respectively the corresponding parameters of the two parts of the LTFM. When £, , -= i|/,-= O,-for all values of i, with p = q, in equation (4), then clearly this equation collapses back to the more parsimonious equation (3) of the AR model. Equation (4) defines an updating procedure, based on modifying the simulationmode estimated output time series, that utilizes the inherent updating structure of the LTFM. In principle, the LTFM output-updating procedure of equation (4) is mathematically more general than that based on the AR model updating procedure of equation (2). The authors readily concede that the adoption of the more general LTFM form, defined by equation (4), is not based on physical grounds. Rather, it is hoped that its increased flexibility (above that of the more parsimonious AR model) can be justified on the basis of producing significantly better updated model efficiency results for the calibration period. Indeed, this LTFM could be postulated as a forecast updating structure without any reference at all to the simpler and more conventional AR form. More to the point, as shown later, this LTFM form readily lends itself to the formulation of the proposed RTMOCM by incorporating within it the structure of the weighted average method (WAM) for combining various model forecasts, but without the a priori estimation of the weights of that WAM structure by linear regression. For these reasons, in the following development of the RTMOCM, the authors progress from consideration of conventional model error forecasting by AR models to the more general LTFM structure of the RTMOCM.
As far as the authors are aware, the first application of the LTFM as an updating procedure in the manner defined by equation (4) was implicit in the unpublished work of Peetanonchai (1995) which was subsequently investigated by Abdelrahman (1995) , Shamseldin (1996) and Suebjakla (1996) . Shamseldin (1996) compared the performance of the AR model and the more general LTFM updating procedures, using the simulation model output of a single conceptual model on the data of six catchments, and found that the superior performance of the LTFM was significant in only one out of the six test catchments. Moreover, Shamseldin (1996) concluded that the degree of success of LTFM output-updating procedure, like that based on the simpler AR model, depends upon the existence of a high time persistence in the structure of the error series of the simulation-mode forecasts. So, at least in the single model case, the use of the more parsimonious AR error updating procedure of equation (3) is justified.
In modern operational river flow forecasting systems, which currently employ (or may employ) synchronously a suite of different forecasting models, equation (4) could likewise be used as the structure for providing updated combined discharge forecasts obtained by simultaneously using the simulation-mode discharge forecasts of a number of individual rainfall-runoff models. Such an updated combination may be achieved by using the simulation-mode combined estimate of discharge Qc i instead of the simulation-mode estimated discharge Q t of a single individual model, as specified in equation (4). In terms of the model-output combination, equation (4) would then be expressed as:
Although the increased generality of this LTFM form over the simpler AR form, achieved by setting Ç, -= i|/ ; for all /, is hardly warranted in the above case of updating the single combined output Qc n the extra flexibility of the LTFM form greatly facilitates the consideration of the multiple input case now developed.
In the case where the un-updated combined discharge Qc i obtained from N rainfall-runoff models has the same structure as that provided by the WAM, in accordance with (cf. Granger & Ramanthan, 1984; Shamseldin, 1996; Shamseldin et al., 1997) :
>1
where wj is the weight assigned to the simulation-mode estimated discharge Q n of the yth model, the substitution of equation (6) which may be perceived as "a multiple-input to single-output" form of the LTFM, where in this case the "inputs" are the un-updated outputs of the individual rainfall-runoff models. Needless to say, equation (3), which is merely a reformulation of the well known AR model error updating procedure defined by equation (2), is a special case of equation (9) when a selection of one such model (i.e. N = I and 4/ = ¥' = ®/ f°r a U values of i with/7 = q) is used. Equation (9) defines a real-time model-output combination method (RTMOCM), which is the primary focus of the present paper. The autoregressive part of the equation provides an intrinsic mechanism for incorporating information expressed in the most recent observed discharges, thereby enabling the updating of the forecasts in the light of this most recent information.
Examination of equation (9) shows that the RTMOCM can be perceived as simply a multiple linear regression model in which the present observed flow may be viewed as the dependent (response) variable while the available simulation-mode outputs of the different models and the previous recently observed outflows may be viewed as independent (explanatory) variables. Hence, without first estimating the Wj weights of equation (6) for the WAM structure by linear regression, the parameter array v[/ and the parameter matrix 9 of the RTMOCM defined by equation (9) can be conveniently estimated by the method of ordinary least squares by minimizing the sum of the squares of the differences a t between the observed discharges Qi and the RTMOCM-estimated discharges (Qt-a,) of equation (9), i.e. using multiple linear regression.
Once the parameters \\i k and Q kJ of the RTMOCM have been estimated, the updated discharge estimate Q Ml! at lead time / from a forecast time origin i, assuming a perfect input foresight over the lead time, may be found by utilizing equation (9) taking the expected value of a, as being zero. However, the on-line use of equation (9) in this context would require not only the knowledge of the values of the non-updated model estimated discharges, but also the values of the observed discharges at time instants beyond the current time (i.e. over the lead time). In practical applications, these values of the non-updated model estimated discharges are obtained using forecasts of the physical (i.e. rainfall) input information. However, in the present work, the adoption of "the perfect input foresight over the lead time" is used in obtaining such non-updated forecasts. As the values of the observed discharges for time instants beyond the current time would of course not be available, these "yet to be observed" discharge values are simply replaced by their estimated values obtained from the successive application of equation (9). Following the above described rules of operation, the updated discharge estimate Q i+Ili (i.e. at time / for a forecast lead time / > 1) is given by: 
A BRIEF DESCRIPTION OF THE THREE SELECTED RAINFALL-RUNOFF MODELS The Linear Perturbation Model (LPM)
This black-box model was originally developed by Nash & Barsi (1983) and exploits the identified seasonal information of the observed rainfall and the discharge time series. The essence of this model is that it relates the perturbations (i.e. departures) of the rainfall and the discharge time series from their respective seasonal expectations by a linear time-invariant subsystem. The overall operation of the LPM, with an output error term e i , may be mathematically expressed in the non-parametric form as:
y=i where R[ and Q] are the rainfall departures and the corresponding discharge departures from their seasonal expectations, hj is the y'th discrete pulse response ordinate of that subsystem and m is the memory length which represents the length of time in the past over which the input affects the present behaviour of the system. A more detailed description and applications of this model may be found in Kachroo et al. (1988) , Liang & Nash (1988) , , and Liang & Guo (1994) . Indeed Shamseldin & O'Connor (1996) showed algebraically that the operation of the LPM may also be viewed as the combination of a simple linear model which transforms the total input into an estimate of the total output, this estimate being refined by the addition of a harmonic seasonal correction.
The Linearly-Varying Gain Factor Model (LVGFM)
This black-box model, developed by Ahsan & O'Connor (1994) , is based on the idea of relaxing the assumption made in the naive Simple Linear Model (SLM) of a constant gain factor. This implies that a constant proportion of the total rainfall always converts to runoff and reflects both the linearity and the time invariance properties of the SLM. Instead, the LVGFM assumes a variable gain factor which is linearly related (through slope and intercept parameters) to a selected index of the soil moisture state at that time. The LVGFM, incorporating a model error term, may be algebraically expressed as:
for / = 1 (10) for / > 1 where G, is the gain factor for the z' th time period, R t is the rainfall and Bj is a set of discrete weighting function ordinates. The output time series of the previously calibrated SLM, divided by the mean of the observed outflow series of the calibration period (in order to make it dimensionless), is used as the wetness (i.e. soil moisture) index, although the available outflow of any model calibrated on the same data could also be used for this purpose. The above choice allows for direct calibration of the LVGFM by the method of ordinary least squares. A multiple-input single-output form of the LVGFM was tested by .
The SMAR model
This model is a simple lumped conceptual rainfall-evaporation-runoff model which is quasi-physical in nature. Originally proposed by O'Connell et al. (1970) , it was known as the layers model, the acronym SMAR being an abbreviation of the Soil Moisture Accounting and Routing procedure (Kachroo, 1992) . In the SMAR model structure, like other explicit soil moisture accounting conceptual models, two complementary parts can be distinguished. The first is the water-balance (budget) part which expresses, on a time-step basis, the balance between the rainfall, evaporation, and generated runoff components and the simulated soil storage. The water-balance part generally absorbs a significant portion of the nonlinearity of the process of the rainfallrunoff transformation. The second is the routing part, which synthesizes the attenuation and the diffusive effects of the catchment by routing the different generated runoff components of the water balance part through linear storage systems. In the present study, a modified version of the SMAR/layers model, due to both Khan (1986) and Liang (1992) , is used. The model has nine parameters, the values of some of which can be set at physically plausible values while the values of the remaining parameters are estimated by a combination of optimization procedures. Further details on modifications and application of the SMAR model may be found in Kachroo (1992) , Shamseldin (1992) , Zhang et al. (1994) , , and .
APPLICATION OF THE REAL-TIME MODEL OUTPUT COMBINATION METHOD (RTMOCM)
The three chosen rainfall-runoff models, namely the LPM, the LVGFM and the SMAR model, are applied to the daily rainfall, discharge and evaporation data of the five selected catchments, namely, Yanbian (China), Brosna (Ireland), Nan (Thailand), Chu (Vietnam) and Bahie (China). A summary description of these catchments, as well as the lengths of the respective calibration and verification periods, is shown in Table 1 . Although there are several criteria available for assessing the performance of river flow forecasting techniques in terms of flood and drought behaviour, peak timing etc., for the purpose of the present study the Nash-Sutcliffe R 2 criterion (Nash & Sutcliffe, 1970) is selected. The Nash-Sutcliffe index R 2 is one of the evaluation criteria of the performances of watershed models recommended by the ASCE Task Committee on Definition of Criteria for Evaluation of Watershed Models of the Watershed ASCE, 1993) . Its value is obtained using the following equation
where F is the sum of squares of differences between the observed and the computed discharges and F 0 is the sum of the squares of the differences of the observed discharges from their mean value over the calibration period. In Table 2 , the simulation-mode (i.e. un-updated) R 2 values for the three models are shown, together with those for the WAM for model-output combination for these same three models. In the case of the WAM, the values of the weighting parameters are estimated using the method of ordinary least squares. Examination of Table 2 shows that, in the calibration period, the WAM has better (i.e. higher) R~ values than those for all of the three individual models for all five catchments. However, in the verification period, WAM has better R 2 values than all the three models for three catchments (Yanbian, Brosna and Chu). For one of the remaining two catchments (Nan), the SMAR model is the best with an R 2 value of 83.70%, while the WAM is marginally the second best with R 2 = 83.33%. In the case of the last catchment (Bahie), the SMAR model is still the best in calibration, in terms of R 2 , while the WAM ranks third best, all of the above referring to the un-updated discharge forecasts. The RTMOCM, defined by equation (9), is used in conjunction with the simulation-mode discharge time series of the three selected rainfall-runoff models to yield updated combined discharge forecasts. The "perfect input foresight over the lead time" is used as the input scenario when obtaining such updated forecasts. In order to get an indication of the accuracy of the updated combined discharges relative to the updated discharge forecasts of the individual models, the LTFM, defined by equation (4), is used for separately updating the simulation-mode discharge forecasts of each of the individual models (i.e. a special case of the RTMOCM in which the number of models N in equation (9) is taken as one).
The parameter values of the RTMOCM and the LTFM updating model elements are estimated by the method of ordinary least squares. The optimum parameter values of these four different cases are given in Tables 3 and 4 . The order of the autoregressive component (p) and of the moving average component (q) of the LTFM are obtained by a trial-and-error procedure taking into consideration the R 2 efficiency value, the number of parameters to be estimated and their standard errors of estimate. Figure 1 shows a comparison of the observed and updated discharge hydrographs of the LPM, the LVGFM, the SMAR model and the updated combined discharge forecasts of the RTMOCM, all for a lead time of 1 day. Table 5 presents the R~ values for the RTMOCM as well as for the updated discharge time series of the three selected rainfall-runoff models. Also shown in the Table are the corresponding results of the naive persistence predictor model (PPM) (i.e. the no-model situation). In the case of the PPM, the best discharge forecast at time i for a forecast lead time / is taken to be the current observed discharge (i.e. Q M = £),•)• This model is used as a benchmark for comparing the performance of the substantive real-time forecasting procedures considered in this study.
Comparison of Tables 2 and 5 reveals that the updating has significantly improved the R efficiency values. For example, in the calibration period of the Yanbian catchment, the simulation-mode (un-updated) R 2 efficiency value of the WAM (i.e. the Table 5 The lead-time R z (%) efficiency values of the updated discharge forecasts of the LPM, the LVGFM, the SMAR model, the AR-WAM, the RTMOCM and the PPM.
Catchment Model
Calibration period : In order to compare the performance of the AR error updating procedure when used in the combination context, with that of the RTMOCM, an AR model is fitted directly to the simulation-mode (un-updated) series of the weighted average combination method, henceforth, referred to as AR-WAM. The lead-time R 2 efficiency values of the AR-WAM are shown in Table 5 , together with those of the updated discharge forecasts of the LPM, the LVGFM the SMAR and also those of the RTMOCM.
Examination of Table 5 indicates that, in the calibration period, the RTMOCM has better efficiency values than those of the AR-WAM in all five test catchments, with significant differences for lead times of 1 to 4 days in the case of three catchments, namely, Yanbian, Nan and Brosna. However, in the verification period, the performance of the two methods is quite indistinguishable in the case of three catchments, namely, Yanbian, Nan and Chu. For the Brosna catchment, the performance of the RTMOCM is better than the AR-WAM and the converse is generally true for the Baihe catchment. Further examination of Table 5 confirms that all the substantive real-time forecasting procedures considered have better R 2 efficiency values than the naive PPM, for both calibration and verification periods.
SUMMARY AND CONCLUSIONS
The efficacy is addressed of the combination of the outputs of different simulation rainfall-runoff models when operating in the real-time forecasting mode. A simple Real-Time Model-Output Combination Method is developed, based on the structure of a parametric input-output model known as the Linear Transfer Function Model. These model forms have an intrinsic built-in mechanism that automatically allows for on-line updating of forecasts.
It is shown theoretically that, when the simulation-mode outputs of different rainfall-runoff models are combined using the Weighted Average Method, and when this combined output is subsequently used as an input to the LTFM, the resulting model is a multiple-input single-output form of the LTFM, defined by equation (9). The inputs to the LTFM in this case are the simulation-mode outputs of the individual rainfall-runoff models. This particular multiple-input single-output form of the LTFM model is the basis of the RTMOCM developed herein.
It has also been demonstrated that, in the case of a sample or selection of only one model being considered in the RTMOCM-in which case it is no longer a "combination" method-it reduces to the LTFM form of equation (4), for which the well known AR model forecast error updating procedure may be considered as a special, slightly more limiting, case.
The RTMOCM is tested using the data of five catchments and the simulationmode outputs of three rainfall-runoff models, namely, the Linear Perturbation Model, the Linearly-Varying Variable Gain Factor Model and the Soil Moisture Accounting and Routing model. The RTMOCM structure, defined by equation (9), is tested under five scenarios. In three of these scenarios, the RTMOCM is tested using a sample of one model, i.e. without consideration of model-output combination, in which case it collapses to the LTFM form of equation (4). In the fourth scenario, in its simplest (AR) form, it is applied to the un-updated WAM combination output of the three selected models. However, in the fifth scenario, the more general RTMOCM is tested using a sample of three models, i.e. using the un-updated output sequence of each of the three selected rainfall-runoff models, for each of the five test catchments.
The results of the application of the RTMOCM in these different scenarios show that the updated combined model-output of the RTMOCM, corresponding to the fifth scenario, is more accurate, in terms of the R 2 model efficiency index, than the corresponding updated outputs of the individual rainfall-runoff models. These results are in general agreement with the earlier results of Shamseldin et al. (1997) which considered the model-output combination in the simulation (non-updating) mode.
The encouraging results of the present study have prompted broadening the scope of further investigations at the National University of Ireland, Galway, by including other models, such as the Probability Distributed Model (Moore, 1985) and the TOPMODEL (Beven & Kirkby, 1979; Beven, 1997 ) and the Dawdy-O'Donnell Model (Dawdy & O'Donnell, 1965) in the model-output combination and the testing of other variations of the RTMOCM. For example, Ahmed (1998) has investigated the use of the recursive least squares method for on-line adjustment of the parameters of the weighted average method for combining the model outputs of five rainfall-runoff models. However, these results indicated that the recursive adjustments of the parameters of the WAM did not substantially improve the performance beyond that obtained when the parameters are estimated by the method of ordinary least squares without any such recursive adjustment.
The results of the present paper, as well as those of Shamseldin (1996) and Shamseldin et al. (1997) , support the suggestion that the users of modern river flow forecasting systems, normally employing synchronously a number of rainfall-runoff models, should seriously consider the application of such simple combination forecast updating tools as the RTMOCM when issuing their streamflow forecasts.
